The Sandia Array Performance Model (SAPM) [1] describes the power performance of photovoltaic (PV) modules under variable irradiance and temperature conditions.
INTRODUCTION
The Sandia Array Performance Model [1] relates module voltage and current at five points on the IV curve to effective irradiance and cell temperature. Model parameters are estimated by regression of measurements of current and voltage to measured irradiance and temperature and are available for a large number of PV modules.
Uncertainty in model output may result from: (1) uncertainty in model parameters, termed parameter uncertainty; (2) variability in irradiance and temperature, (3) variability among modules of the same manufacturer; and (4) misspecification of the model itself, referred to as model uncertainty. Uncertainty analysis of model output involves characterizing uncertainty and variability in model inputs and propagating uncertainties through the model. Uncertainty analysis is complemented by sensitivity analysis which identifies the contribution to output uncertainty of each uncertain input. Quantifying uncertainty in model output is currently of interest because such uncertainty informs decisions about investment risk for large-scale PV power plants.
When a single module is available for testing, parameter error is quantified by the estimation error in each parameter.
This estimation error results from measurement error and from the necessarily limited number of measurements. In this analysis, we consider only the contribution to parameter uncertainty resulting from the number of measurements, and defer consideration of measurement error to later investigation. Moreover, we consider tests of a single module taken as a representative of a production batch of modules. These limitations significantly understate the range of uncertainty in each parameter, compared to that which would result if measurement error were propagated and several modules were tested. However, we are able, from a single module test, to examine correlations between parameter estimates and to perform uncertainty and sensitivity analysis to identify which parameters influence uncertainty in the performance model output.
Methods for determining uncertainty in the SAPM model parameters have recently been codified [2] . These methods are summarized here and are illustrated by estimation of model parameters for a 230W module characterized at Sandia.
Uncertainty and sensitivity analyses are reported for this module.
Finally, we examine the results of these analyses to determine if model uncertainty is present to any significant degree.
PARAMETER ESTIMATION
For flat-plate cSi modules, the fundamental equations in the SAPM are: Figure 2 illustrates correlations between estimated parameter values resulting from correlations in the dependent regression variables. The scatterplots in Figure 2 were created by randomly sampling from the multivariate normal distribution where 
Intercepts and spectral correction function
Values for the intercepts 
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The term in Eq. 7 is determined in a similar manner 
The adjusted values ˆe E remove the discrepancy between the spectral response of the reference cell and the module. Eq. 1, 2, and 4 are then used to obtain the corresponding intercepts from the constant terms in regressions with ˆe E . Test conditions are chosen so that ˆ1 e E ≈ to minimize the influence of the irradiance terms in Eq. 1, 2, and 4.
As was the case with the temperature coefficients, correlations between measured current, voltage and environmental quantities result in correlations between estimated parameter values (illustrated in Fig. 3 ). 
Diode factor and irradiance-related coefficients
The final set of parameters to be estimated include the diode factor and the coefficients describing the effects of irradiance on voltage and current, i.e., through .
Test conditions are chosen to ensure a wide range of irradiance conditions are observed. Diode factor is first determined by a regression using Eq. 1: 
The constant in Eq. 9 is discarded. With a value for in hand, Eq. 2, 3 and 4 are expressed as polynomials in or 0 bˆe n (l n e E E and the corresponding coefficients are determined, using the additional condition that Figure 4 illustrates values for these parameters obtained by sampling from the multivariate normal distribution describing error in the parameter estimates. are fixed using the typical meteorological year (TMY2) data for Albuquerque, NM. Figure 5 illustrates the range of values for total energy obtained from the sample . Uncertainty in annual energy resulting from parameter uncertainty is less than 1%. The small effect on the magnitude of annual energy results because of the relatively small estimation error in each parameter, which in turn results from testing only one module and by excluding consideration of measurement error. These findings are consistent with previous analyses of uncertainty in predictions of total energy (e.g., [3] ).
C T

X
It is certain that the effects on annual energy of variability in meteorological quantities, specifically irradiance, will dwarf the effects of parameter uncertainty. We opine that, if several modules were tested, uncertainty ranges for parameters would increase by a factor of 2 or more, and that consideration of measurement uncertainty would increase parameter uncertainty to a lesser extent. However, we do not believe that the effects of greater parameter uncertainty, resulting from tests of multiple modules and consideration of measurement error, would approach that of variability in irradiance. Identifying model sensitivities informs efforts to improve models and to reduce uncertainties through improvements to module characterization. We performed stepwise ranked regression, which adds variables sequentially to a regression model; at each step, the method adds the variable that explains the greatest fraction of remaining variance.
Ranked regression transforms monotonic relationships to linear relationships, removing the effects of disparate parameter scales on the sensitivity analysis results. Before conducting the regression, we examined the sample X to remove elements from consideration where significant correlations (i.e., correlation coefficient exceeding 0.97) were present. Stepwise regressions are unreliable when highly correlated predictors are included. The final regression included: temperature coefficients, Step Variable R We quantified uncertainty in the parameters for the Sandia Array Performance Model considering only estimation error resulting from regressions. We found significant correlations between parameter values due to correlations in the underlying measurements of voltage, current, irradiance and temperature.
We propagated the uncertainty in parameters through the model to quantity the resulting uncertainty in total power. We also identified, using sensitivity analysis, the parameters making the largest contributions to uncertainty in total power, and investigated the presence and effects of model uncertainty. We found that error in parameter estimation does not lead to a significant amount of error in total energy projected by the model. We observe that several components of the model do not reproduce the full variability in the underlying measurements due to the smoothing inherent when estimating parameters by regression. However, we did not find that the model uncertainty contributes significantly to differences between estimated and measured power.
We note that this work is based on testing of a single cSi module, and thus, the uncertainty in total power does not consider variability between modules of the same production lot, nor the effects of measurements error. We opine that, if quantified and propagated, variability between similar modules would lead to significantly greater uncertainty in total power, by roughly a factor of 2 or more.
We defer quantification of the effects of measurement uncertainty to further analyses. 
